The issue of corporate social responsibility (CSR) and the use of social media have increased in importance over the last few years. Companies are not judged solely on their economic performance because they also have to succeed ecologically and socially. Social media (e.g., Facebook, Twitter, and Google Alerts) exert pressure on companies to meet the expectations of different stakeholders in terms of their CSR. Thus, social media are a useful resource for companies who want to ensure that their CSR self-image matches their CSR public image. Data mining techniques and related software (e.g., RapidMiner) can help companies evaluate their CSR public image and adjust their CSR if there is a mismatch between their self-image and public image. Thus, there may be a continuous CSR (control) cycle that helps companies to gain a long-term competitive advantage over companies who do not manage their CSR strategically.
software such as RapidMiner can detect patterns in raw data to make predictions about future data.
Theoretical perspectives

Benefits of CSR
Enterprises should have a process in place to integrate social, environmental, ethical, and human rights, and consumer concerns into their business operations and core strategy while working in close collaboration with their stakeholders with the aim of maximising the shared value created for their owners/shareholders, other stakeholders, and society at large (European Commission, 2011) . It is generally acknowledged that CSR gives a competitive advantage (Porter and Kramer, 2006) . A closer analysis of the assumed benefits of CSR contributes to a better understanding of its strategic importance for companies. Companies that engage in CSR activities are assumed to accrue non-monetary and monetary benefits, as illustrated in Figure 1 . 
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Source: Based on Weber (2008, p.250) The main drivers of CSR are economic and ethical considerations, and other important non-economic aspects such as trust (Mayer et al., 1995) and reputation. These factors can affect a company's sustainability-based brand image (Simmons and Becker-Olsen, 2006) while they may also reduce risks (Derwall et al., 2011) and have ideal benefits (Hermann, 2005) . Therefore, perceived CSR is assumed to have an effect on economic benefits, e.g., by increasing the shareholder value or reducing capital costs (through risk reduction) (Münstermann, 2007) . CSR also affects customer satisfaction. Customer satisfaction can lead to a company having greater customer loyalty and positive word of mouth (Gruca and Rego, 2005) so customers are willing to pay premium prices (Homburg et al., 2005) . This may lead to higher cash flow levels and less volatility in future cash flows, which positively influences the long-term financial performance (Trudel and Cotte, 2009 ) and the firm's value (Gruca and Rego, 2005) . The returns of CSR can be positive or negative depending on a company's corporate abilities, such as its innovation capability and product quality. Thus, it is important to establish an appropriate combination of CSR activities and product-related capacities (Luo and Bhattacharya, 2006) . CSR also has an impact on the cost of equity (El Ghoul et al., 2011 ) and cost of debt, which can lower the credit risk and allow companies to receive better credit ratings (Bassen et al., 2006) . Chang and Shen (2011) found that companies with higher degrees of CSR are perceived as having greater credit-worthiness. Furthermore, El Ghoul et al. (2011) showed that its importance has also increased in recent years [for additional empirical studies see Weber (2008) ].
Assessment of CSR impact and expectations
It is useful to explore the different types of stakeholder groups and their expectations about a company in terms of CSR to determine the appropriate content of CSR reports (Finch, 2005) . Therefore, CSR strategies can facilitate a frequent and careful dialogue between a corporation and its stakeholders. Thus, people responsible for managing CSR need to consider its strategic impact (Podnar, 2008) and evaluate the success of their CSR projects.
After identifying the key stakeholders and their expectations, companies can assess the qualitative and quantitative impact of their CSR. The qualitative impact can often be measured before the qualitative impact and it provides an indicator of future monetary performance (Kaplan and Norton, 2008) . As shown in Figure 2 , the 'real' impact of CSR on the competitiveness and performance (via monetary and non-monetary benefits) of a company may initiate a continuous CSR cycle that changes over time. An appreciation of the current state of competitiveness and performance helps companies to select CSR projects and to ensure the ongoing evaluation and monitoring of their long-term CSR activities, which contribute to "a final assessment of impact after the end of each (single CSR) project" [Weber, (2008), p.252] . This approach allows them to identify relevant stakeholders in different contexts, so they can make a fresh assessment of the impact of CSR based on stakeholder expectations, before they modify their CSR activities (if necessary). Anderson and Frankle (1980) found that companies committed to CSR were considered more credible and they were better borrowers that generated higher returns. According to Habisch (2003) , this is because companies that demonstrate their commitment to CSR and its reporting are not perceived as focused only on short-and medium-term increases in profits. These interrelationships are of particular significance in regional financial markets. Thus, CSR can contribute to an increase in socially responsible investments (SRI), which have previously been a niche area. In particular, investors who take a long-term view may benefit from CSR because it is focussed on the future potential of the company. Therefore, investing in a company that reports 'good' CSR may pay economic and social dividends. Bhattacharya et al. (2008) found that an organisation with good CSR may acquire business benefits, such as improvements in their image and reputation, if they recruit qualified talent. In this context, Thomas (2005) , and Hemingway and MacLagan (2004) argued that several multinational organisations tend to publish their CSR efforts on corporate websites, in recruitment brochures, and in CSR reports so they are perceived as very socially responsible employers.
Moreover, we must strongly advise against companies using CSR as a short-term method for gaining monetary and non-monetary benefits (or simply for public relations). Companies can use CSR to send positive CSR signals to stakeholders, but stakeholders will expect the maintenance of the same CSR project performance in the long run. If companies are not able to meet these expectations (which are reinforced by their own signals) this can eliminate the positive effects of a single CSR cycle. Furthermore, a loss of trust in one period might taint further CSR cycles/business periods and lower stakeholder expectations about the CSR projects of companies, while it may take a long time to recapture trust in the CSR activities of companies. Thus, we present data mining techniques that may help companies to match their CSR self-image with their CSR public image based on an analysis of social media. This comparison allows companies to take the right CSR action and to meet the expectations of stakeholders. The selection of different forms of social media has a strong effect on the web-based analyses used for corporate reporting. In the following empirical analysis, we distinguished two different types of company affinity and three different types of internet resources. Some companies link their web pages with Facebook and Twitter, which are classified as official, and they are moderated by companies as a means of keeping in touch with their customers (Kaplan and Haenlein, 2009 ). Some companies also publish information about their social responsibility and their fans or followers can comment on these contributions. These official communication channels provide a positive corporate image and useful commentaries. According to a standard code of practice, critical commentaries should be indexed, which means that a specific corporate image could be distorted (Deephouse, 2010) . Other social media resources are viewed as unofficial and they are attributed to non-governmental organisations, news agencies, private persons, and associations. Facebook search results list organisations, companies, and individuals. In the following semantic search, only organisations and other companies related to companies were used in the evaluation. Some tweets and social media fan pages relate to individual companies, whereas some of those operated by non-governmental organisations provide reports on various companies. These media are often aimed at propounding a contrasting view that provides a counterpoint to corporate publicity. A third major social media resource (in addition to Facebook and Twitter) is Google Alerts. This service provides daily links to further information about companies. This information is published mostly on forums, blogs, or web pages.
RapidMiner is a programme that can be used for data mining and text analytics ( Figure 3 ). RapidMiner was used in the following example to automatically categorise the contributions of social media such as Facebook and Twitter. The content is classified based on its positive and negative characteristics, while the text analytics are based on sentiment analysis. Words with a high emotional meaning and importance are used to classify the textual content of social media, which are known as discriminants. After the algorithm has learnt to classify the text, unknown contributions can be rated based on their positive or negative intentions (Kosorus et al., 2011) . Yahoo! offers a cloud service known as 'Pipes' that can be used to process web content. This service is used to join different feeds connected with Google Alerts to generate a single feed. Therefore, RapidMiner needs only one operator to import the feeds, so the computational performance can be optimised during processing. Yahoo! Pipes also contains filters that can be used to separate relevant content via Google Alerts. These filters include terms such as 'CSR' or 'corporate citizenship', which can be used to identify content about the sustainability of selected companies. After running semantic web analyses, RapidMiner performs checks every half an hour to determine whether an updated version of a feed is available, and it selects 100 random contributions from the combined feed. Some companies are more popular than other companies, so Google Alerts will identify more internet resources related to them. The most popular companies often operate in the business-to-consumer sector or they may be in the public eye, such as banks during and after the financial crisis of 2007. Thus, the combined feed weights of articles about popular companies are higher than those of other companies (Lin et al., 2006) . To prevent bias in the average weighting of the feed, the contributions of some companies are weighted based on the average number of internet resources found by Google Alerts.
Theoretical application of the software
Generation of word list
Word lists are the basis of semantic analysis. These lists contain English words and phrases, which are generated in two different ways. First, a word list can be created by using a thesaurus to find synonyms automatically. Second, the CSR reports found in annual reports and on company websites can be used to generate a word list. The thesaurus method produces words with positive and negative connotation, which are manually listed in a column in Microsoft Excel. Excel has a thesaurus function, but this function is normally applied only to a single word. Therefore, we coded a macro programme in visual basic for applications, which applies the thesaurus function to an entire column of words as a pre-processing step (Nora et al., 2010) . The macro generates word synonyms for each cell. These synonyms may have positive or negative connotations compared with the original word. Thus, synonyms are only accepted in the word list if they are present in a list of synonyms with at least two primary labelled words. The original words are selected and labelled manually. If at least two of these words are the basis of two identical synonyms, the probability of finding synonyms with the same positive or negative label is similar to that of the original words. The newly generated synonyms are then used as the basis for the second round to identify further synonyms. The frequency of all words is counted after the second round. The output of the second round of synonym generation is usually identical to the original labelled words and the first round of synonym generation. If the same synonyms are generated repeatedly, their frequency is an indication of an accurate synonym label. 
Processing the word list
The programme has two components. The function of the first component is to initialise the algorithm before it classifies the text. The imported word list contains English words and phrases, which are classified based on their positive and negative meaning. The programme operator transforms the word list into a collection of documents by outputting a document for each word or phrase in the word list. The newly created text objects serve as inputs for the next operator, which generates a term vector. The new dataset includes only a single data file; therefore the resulting data is only specified using a single text file. The tokens in the text are used to generate a word vector with the TF-IDF schema. Other sub-operators located within the word vector operators are used to process the word list.
Attribute vectors
The goal of this semantic analysis is to categorise all of the unseen comments found in social media. The algorithm cannot understand connected text, so we create word vectors as an interim step. A word vector also includes characteristic features such as a string attribute. These features may include parts of the entire text with nominal attributes. These attributes form the basis of models that make it easier to compare pieces of text, while the values of string vectors can be equal or unequal. However, the string attributes contain no information about their textual relationships. The word vector also contains the word frequency as a set of additional attributes, which is used to evaluate the meaning of a single word relative to the entire text (Suzuki, 2003) . Initially, all of the characters in the word list are transformed to the lower or upper case. Selected regular expressions in tokens can then be removed based on specified replacements. Next, an interior operator splits the word list into an array of tokens. The splitting points are specified by the tokenisation mode 'non-letter character' so a token consists only of a single word. Small English words in English phrases are removed by the next operator. This operator uses an in-built stop word list containing small English words such as 'is' that generally have no effect on the text analysis.
The next inner operator filters tokens that have a length of less than two characters. All of the last five inner operators are part of the word vector operator and they process the word list before creating the word vector. According to the word list, these operators are less important when processing social media content, but they are very helpful for analysing phrases in the word list. The processed word list is one of two outputs from the document processing operator and it is used as an input for a similar operator in the second component of the programme. The processed wordlist is used as a guideline for classifying unknown text in social media content. The second output is a dataset that selects the attributes to be removed or those that should be part of the results. In this programme, all attributes that do not constitute a missing value in any dataset are selected. The next operator uses the dataset as an input and changes the role of an attribute. The initial attribute is located in the word list column with the labels 'positive' and 'negative', where English words and phrases are classified (using a naive Bayesian classifier algorithm). This role is changed into the special attribute 'label', which is used by the learning operator.
Training the algorithm
The learning operator includes a cross-validation process that estimates the performance of the algorithm. This cross-validation operator includes a testing sub-process and a training sub-process. The inner testing operator splits the input dataset into a number of validation subsets. The training sub-process returns a model based on the input dataset. The testing sub-process generates a performance vector using the returned model and it also quantifies its performance (Modha and Masry, 1998) . The performance measurement is an appraisal and it is based on the final word list. Therefore, the performance may be lower when analysing social media. The cross-validation operator has two outputs. It logs the performance and returns the average performance vector. Three other sub-operators function within the cross-validation operator. On the training side, a naive base learner outputs the classification algorithm based on the estimated normal distribution of the training dataset, using Laplacian correction to reduce the effects of zero probabilities (Zhang et al., 2006) . On the testing side, an operator applies the model using the trained data, which is based on the imported word list. The trained data are used to classify the future contributions of social media. The other operator used on the testing side is a performance operator, which considers the weight of the input data to calculate the performance of the applied model. It automatically detects the labelled input dataset, which contains two attributes, i.e., one with a role label and another with a role prediction. The second output of the cross-validation operator is the trained algorithm, which is used by the second function of the programme for classifying text (Modha and Masry, 1998) . The performance of the cross-validation learning operator can be improved by increasing the number of labelled words and phrases in the word list.
Cross-validation process
The cross-validation model evaluates the predictions of machine learning models to verify the categorisations attributed to the unseen data. Techniques such as cross-validation can also be used to compare the predictive performance of different machine learning methods. The requirements of this process are that all other factors with a possible influence remain unchanged. The cross-validation method divides the data into training and testing data; typically, two-thirds are generally used for training the learning algorithm whereas one-third is used for testing the predictions of the known data (Modha and Masry, 1998) . The presence of inappropriate proportions in the classes could lead to a one-sided learning bias, if many or all of the items in a specific class are not present in the two-thirds used as training data. To improve the quality of predictions, we need to select data mining methods with the lowest estimated error levels based on the results of cross-validation estimations.
Extracting relevant contributions from social media content
The second component of the programme performs actual data mining of social media content. Initially, an Excel list that contains links to Twitter feeds and Facebook fan pages and forums about the stock market is imported. Each row in this input dataset contains a URL to an RSS feed. The next operator sends a GET request to each of the URLs and saves the pages temporarily using a page-specific attribute. The next two steps are similar to the first part of the programme. One of the operators generates a collection of documents for each URL. The next operator uses the page tokens from the URL to produce a word vector. This operator has two inputs. The first is the list of labelled English words and phrases produced by the first component of the programme. This word list is combined with the pages of the URL to generate a model based on a term vector in the following steps (Nora et al., 2010) . The same sub-operators within this operator have to specify lower or upper case characters in a document to split documents into sequences of tokens and filter the tokenised text based on English stop words and the length of words with less than two characters. There is only one other sub-operator that extracts the textual substance of the social media content from the HTML coding language (Hippner and Rentzmann, 2006) .
Application of the algorithm
The final operator uses the trained algorithm to determine the 'positive' or 'negative' intention of social media content. To achieve this, the operator uses the model and the labelled wordlist produced by the first component of the programme. The unlabelled parts of the social media content are used as the second input dataset, which needs to be categorised. This operator joins both parts of the programme, i.e., the labelled word list from the first component of the programme and the unlabelled contributions from the second component of the programme. The word list is one of the most important factors (Nora et al., 2010) . The production of a higher number of labelled English words and phrases improves the ability of the learning operator when predicting unknown contributions in social media content. Both the word list and the algorithm are used to analyse social media. 
Practical application of the software: a case study on S&P 500 firms
Based on the previous theoretical section, we now report how RapidMiner and Google Alerts were used to determine the CSR reputation of companies. This analysis was based on a sample of 26 firms from the S&P 500. Specific Google Alerts feeds were merged with Yahoo! Finance. The newly joined feed was imported into RapidMiner and we determined the combined CSR reputation values of companies. We also determined the reputation values of specific companies. This analysis did not require Yahoo! Pipes and we imported each separate Google Alerts feed into RapidMiner sequentially. Initially, we analyse the articles mentioned in Google Alerts using RapidMiner. The CSR sentiment analysis extracted the frequency of classified words from a word list related to The Coca Cola Company. The frequency of words was segmented into the frequency of Google Alerts comments related to the company being analysed and the current comments analysed in Google Alerts.
Table 3
Frequency of new generated synonyms
New generated synonyms Frequency
Frightened 7 Angry 6 Anxious 6
Sad 6
Disheartened 5
Annoyed 5 To maintain the quality of the word list, the meanings of the newly generated synonyms were controlled for their frequency. If newly generated words appeared repeatedly, their frequency signalled that the original and new synonyms had the same positive or negative connotation.
The daily CSR reputation values also depended on the frequency of new comments published on Google Alerts. Two criteria were associated with the number of Google Alerts comments available. The update interval indicated how many days were required before new Google Alerts article updates appeared. The number of updates indicated how many published articles were connected with a new update in Google Alerts.
The following sentiment analysis shows the daily reputation values for four of the 26 companies. Larger percentages indicated the higher CSR reputation of a company. 
Conclusions
Web semantic analysis may allow companies to evaluate their reputation and to improve specific operations related to CSR. The analysis of social media content can extract active and passive feedback about the perceived public image of a corporation. Active feedback can be acquired from available corporate communication channels such as online contact forms and it requires that an individual makes direct contact with corporate representatives (Baldus et al., 2011) . This can be facilitated by the semantic analysis of the comments made in passive internet feedback. Social media such as Facebook, Twitter, or blogs contain numerous public entries about companies. Many global internet users utilise social media to make comments about corporations, particularly their working conditions, environmental pollution record, or their consideration of human rights (Hartmann, 2011) . Data mining software such as RapidMiner can identify information that is relevant to companies for forecasting positive or negative perceptions. This information is often more personal and emotional than comments that are sent directly to corporations and they capture public perceptions with greater authenticity. A comparison of a company's self-assessment and the perceptions of others can deliver valuable insights into CSR reputation and the necessary changes that may be required to ensure the maintenance of a good CSR reputation (Hartmann, 2011) . CSR is often regarded as a 'PR exercise', 'green-washing', or 'window-dressing' (Frankental, 2001 ). This may be because PR and CSR address relationship management with important stakeholder groups such as customers, investors, suppliers, and employees. Thus, it is possible that negative public attitudes towards PR could easily be transferred to CSR. In this context, Clark (2000) stressed that public relations and CSR have similar objectives and that both disciplines aim to enhance the quality of the relationships between an organisation and its key stakeholders. Social media and its analysis using data mining techniques may provide fresh insights into the CSR reputation of specific companies and it may be able to detect poor perception of company behaviour because it integrates different stakeholder perspectives and their experiences with a specific company. Therefore, the analysis of social media related to a company's CSR practices using data mining may allow companies to match their CSR self-image with their CSR public image. Thus, this approach may make it easier to identify the necessary adjustments required to enhance a company's CSR reputation. Factors such as corporate governance and CSR are increasingly important as investment criteria (Derwall et al., 2011) and they are often considered to be important key financial data (Coombes and Watson, 2000) . Thus, investors and analysts could use data mining to continuously analyse the CSR reputation of companies via social media and optimise their portfolios. This is a critical context for evaluating CSR, but the continuous identification of key stakeholders, identifying their expectations about company behaviour, and assessing the impact of CSR are important because this process makes CSR transparent and credible. Previous researchers have stated that it is questionable when companies discuss their responsibilities but they only perform isolated and unconvincing social measures and donation campaigns where the main aim is pure PR (Staples, 2004) . Researchers argue that CSR activities should not contradict the corporate philosophy and policy of organisations. However, critics stress that firms often ignore these criteria and prefer to adopt a scattergun approach in their social activities. This may explain why critics from all academic fields argue that CSR pays little more than lip service to social problems and that it distracts society from ethical concerns via PR activities (Robertson and Nicholson, 1996) . At present, the media and stakeholders tend to monitor each CSR activity initiated by an organisation critically and sceptically. Thus, companies need to proactively communicate with their stakeholders continuously (e.g., via social networks) to avoid attacks and scepticism from the media and stakeholders. Anticipatory CSR strategies and enhanced CSR communication strategies are indispensible for successful CSR management. Most companies are aware that senior management need to be sensitive to market trends and expectations. However, it is important to remember that the implementation of CSR activities and its communication remain delicate matters, although sophisticated and long-term CSR approaches can be a source of competitive advantage. The use of data mining techniques to assess the CSR reputation of companies based on social media can provide useful insights that may facilitate the achievement of this goal.
